With the increase in power demand and limited power sources has caused the system to operate at its maximum capacity. Therefore, the ability of determine voltage stability before voltage collapse has received a great attention due to the complexity of power system. In this paper a prediction of voltage stability index (VSI) based on radial basis function neural network (RBFNN) for the Iraqi Super Grid network, 400KV. Learning data has been obtained for various settings of load variables using load flow and conventional FVSI method. The input data was performed by using a 135 samples test with different bus voltage (V b ), Bus active and reactive power (P b , Q b ), bus load angle (δ b ) and FVSI ij . The RBFNN model has four input representing the (V b , P b , Q b and δ b ), sixteen nodes at hidden layer and one output node representing FVSI ij have been used to assess the security on line. The proposed method has been tested in the IEEE 30 and a practical system. In Simulation results show that the proposed method is more suitable for on-line voltage stability assessment in term of automatically detection of critical transmission line when additional real or reactive loads are added. Keywords: Voltage stability index, Radial basis function neural network, Voltage collapse 1. Introduction Recent year's voltage stability is considered as an important concern in to power system operation and planning since the heavily loaded systems are mostly operated closer to the reactive power limits of the transmission network (Suthar and Balasubramanian, 2007) . The voltage problems are often associated with contingencies like unexpected line and generator outages, insufficient local reactive power supply and increased loading of transmission lines. However, stability assessment has been performed mainly off-line by system planners because the computational burden is too high for online stability assessment. Consequently, in tradition, system planners determine the stability limits of transmission corridors for operators to monitor system. System planners also developed operating guidelines to help operators to mitigate the problems. Over the last few decades, a number of direct methods for assessment on-line transient stability have been identified and investigated. This gives more and higher requirements for new models and tools for voltage stability analysis (Zhao et al., 2009 ). The voltage instability can occur when a power system is heavily loaded in transmission lines and/or lacks in local reactive power sources (Joong, 2007) . Although the voltage stability problem is in its nature a dynamic one, a great deal of the research work has been devoted to the static methods in real-time applications. ( Haque, 2003) used the results of power flow study and the system admittance matrix to find the parameters of the Thevenin's equivalent of the system, looking from various load buses. (Lee and Lee, 2002) introduced a criterion for static voltage stability enhancement and used accurate models for excitation systems, tap changer and other equipment for analysis of dynamic voltage stability. The voltage stability problem can be considered as a non-issue in distribution systems. However, in modern distribution systems, as they become more complex and large, the issue can be one of the critical problems. There have been some attempts to use ANN for online voltage stability assessment (Kamalasadan et al., 2006) and comes out with voltage stability margin at the system level. In addition, various other methods for voltage stability assessments of power systems have been documented using static and dynamic methods in small radial network was performed by (Hasani and Parniani, 2005) . Some advantages of dynamic simulation of this phenomenon were shown by (Deuse and Stubbe, 1993) . (Taylor, 1994 and Kundur, 1994) proposed different static methods and dynamic simulation with appropriate models for voltage stability assessments. However, methods based on the dynamic approach are exceptionally time consuming in terms of computer time for the online environment. An especially attractive means for solving the aforementioned problem is found in artificial neural networks (ANNs) (Fischl, 1996) . Mohammad and Hadi (2008) attempts have been made to set up a direct mapping between the operating states of the system and the VSM index using supervised neural networks (NNs). In this paper, a new intelligent application is developed to improve the voltage stability for Iraq super grid power systems. First, definitions and issues of voltage stability indices are presented. Secondly, the problem has been
formulated as by a conventional approach based on the Fast voltage Stability Index (FVSI) and FVSI have been obtained for various line outages and for various reactive power control variables and loading conditions and using these results a RBFNN ANN is trained. Finally, the tests were carried out on the eastern part of the high-voltage power system of former Iraqi super grid 400KV to demonstrate its favorable performance by using MATLAB 10 neural network toolbox. 2. Related Work A) Conversional Fast Voltage Stability Index Fast voltage stability index (FVSI) is formulated in this study as the measuring instrument in predicting the voltage stability condition in the system. The proposed index made used the same concept as the existing ones (Moghavemmi and Omar, 1998 and Mohamed et al., 1989) in which discriminate is set to be greater or equal than/to zero to achieve stability. If the discriminate is small than zero, the roots for the voltage or could cause instability in the system. The mathematical formulation is very simple that could speed up the computation. The condition of voltage stability in a power system can be characterized by the use of voltage stability index referred to line. Generally, it started with the current equation to form the power or voltage quadratic equations. The criterion employed in this paper was to set the discriminate of the roots of voltage or power quadratic equation to be greater than zero. When the discriminate is less than zero, it causes the roots of the quadratic equations to be imaginary which in turn causing the voltage instability that may cause voltage collapse in the system. The line index that is evaluated close to 1.00 will indicate the limit of voltage instability. Fig.3 . illustrates a 2-bus power system model where the proposed FVSI is derived from the symbols are explained as follows: V i , V j = Voltage on sending and receiving buses P i , Q i = Active and reactive power on the sending bus P j , Q j = Active and reactive power on the receiving bus S i ,S j = Apparent power on the sending and receiving buses δ ij = δ i -δ j = Angle difference between sending and receiving buses The line impedance is noted as Z ij = R ij +jX ij with the current that flows in the line IS given by
Separating the real and imaginary parts yields,
And, -V i V j sin = X ij P j -R ij Q j (7) Rearranging (7) for P j and substituting into (6) yields a quadratic equation of V j ;
The roots for V j will be;
(9) To obtain real roots for V j , the discriminate is set greater than or equal to '0'; i.e.:
(10) Since δ ij is normally very small then, δ ij ≈ 0, R ij sin ≈ 0, and X ij cos ≈ X ij Taking the symbols 'i' as the sending bus and 'j' as the receiving bus. Hence, the fast voltage stability index, FVSI can be defined by:
Where: Z ij = line impedance X ij = line reactance Qj = reactive power at the receiving end Vi = sending end voltage The value of FVSI that is evaluated close to 1.00 indicates that the particular line is closed to its instability point which may lead to voltage collapse in the entire system. To maintain a secure condition the value of FVSl should be maintained well less than 1.00. B) Radial Basis Function Neural Network RBFNN have increasingly attracted interest for engineering applications due to their advantages over traditional multilayer perceptions, namely faster convergence, smaller extrapolation errors, and higher reliability. Over the last few years, more sophisticated types of neurons and activation functions have been introduced in order to solve different sorts of practical problems (Kumar, 2005; Kurban and Beşdok, 2009 ). In particularly, RBFNN have proved very useful for many systems and applications (Kumar, 2005) . RBFNN is defined as a kind of ANN that has radial activation functions on its intermediary layer. RBFNN were robust used in the context of neural networks as linear and nonlinear function estimators and indicated their interpolation capabilities by Broomhead and Lowe (Broomhead and Lowe, 1988) . (Hartman et al., 1990; Park and Sandberg, 1993) proved that RBFNN are capable of approximating any function with arbitrary accuracy. The neural network is a mapping between its inputs and outputs based on a number of known sample input-output pairs. In general, the more samples available to train the network, the more accurate the representation of the real mapping will be. These samples are obtained by solving the direct problem (times), in its simplest form, a RBFNN consists of three layers of neurons, Fig.1 . The first layer acts as the input layer of the ANN. The second layer is hidden layer as a high-scale dimension, which promotes a linear transformation of input space dimension by computing radial functions in their neurons. Third layer, the output layer, outputs the ANN response, promoting a linear transformation of the intermediary layer high-scale dimension to the low-scale dimension (Pandya , 1995) .
Material and Method
A) RBFNN Model for FVSI Several types of ANN structures and training algorithms have been proposed. The basic form of RBFNN architecture involves entirely three different layers. The input layers is made n, of source nodes while the second layer is hidden layer of high enough dimension which senses a different purpose from that in a multilayer perception. The output layer supplies the response of the network to the activation patterns applied to the input layer. The transformation from the input layer to the hidden layer is nonlinear whereas the transformation from the hidden layer to the output layer is linear. From above analytical methods involve considerable computational effort and hence cannot be used directly for online monitoring and initiation of preventive control actions to enhance system voltage stability. The major steps of the RBFNN design and training to determining the voltage instability problem are summarized by the following steps: a. A set of realistic system loading patterns a regenerated by varying the real power and reactive power loadings at various line outages and for various reactive power control variables and loading conditions. b. For each of the loading patterns generated in step (a) the load flow and modal analysis of the reduced Jacobian matrix are done and FVSI was calculated for each line in the system to identify the most vulnerable few load buses from the voltage stability point of view. c. The RBFNN is designed and trained by the input patterns (V b , δ b , P b , Q b ) for each bus is generated as shown in Fig.4 . 2) shows the bus data and transmission line data. A flow chart describing the modal analysis procedure adopted is presented in Fig.5 . The experiment results were used to train the neural network which have been constructed and trained using 135 data samples from the experimental data and 16 samples were used for generalization test of the trained neural network.
From the analysis of the results in Table 3 show the FVSI for five load change. As mentioned above that system will unstable when FSVI near to 1 therefore it is clear that the system is unstably with increasing the load change and increasing of FSVI depend on the bus type for example the Transmission line connect to Gen. Bus or Reference bus are more stable because they near to source. In addition, for a given operating condition, the most critical transmission line in the system has been identified and appropriate algorithms i.e. TL 6-15 is unstable under 25% load change. From the analysis of the results in Table 4 , it is observed that the accuracy of the RBFNN method was slightly superior when compared to the CFVSI on account of both maximum error and mean average error (MAE) for both load change.
Conclusion
In this study voltage stability assessment of power systems by using RBFNN has been explored, and this was obvious from the generalization test. The simulation data from FVSI test has been used for training and testing. Using this approach, for a given operating condition, the most critical transmission line of the system has been identified and appropriate algorithms, which directly employ the designed NN architecture, have been suggested to evaluate on-line the previously considered control strategies. The difference of FVSI between prediction by RBFNN and CFSVI test is considered almost negligible; this means that it can solve many problems that have been costly and time consuming. The effectiveness of the proposed approach has been tested on Iraqi super grid power system. 
